Background: Rifampin-based therapy potentially exacerbates glycemic control among TB patients who are already at high risk of hyperglycemia. This impacts negatively to the optimal care of TB-diabetes mellitus coaffected patients. Classification and regression tree (CART), a machine-learning algorithm impervious to statistical assumptions is one of the ideal tools for clinical decision-making that can be used to identify hemoglobin A1C (HbA 1C ) cut-off thresholds predictive of poor TB treatment outcomes in such populations. Methods: 340TB smear positive patients attending two peri-urban clinics were recruited and prospectively followed up for six months. Baseline HbA 1C and random blood glucose (RBG) levels were determined. CART was then used to identify cut-off thresholds and rank outcome predictors at end of therapy by determining Risk ratios (RR) and 95% confidence interval (CI) of each predictor threshold. Fractal geometry law explained effect of weight, while U-shaped curve explained effect of HbA 1C on these clinical outcomes. Results: Of the 340 patients enrolled: 84%were cured, 7% completed therapy and 9% had unfavorable outcomes out of which 4% (n = 32) had microbiologic failure. Using CART HbA 1C identified thresholds were >2.95%, 2.95-4.55% and >4.55%, containing 8/11 (73%), 111/114 (97%) and 189/215 (88%) of patients who experienced favorable outcomes. RR for favorable outcome in patients with weight <53.25 Kg compared to >53.25 Kg was 0.61 (95% CI, 0.45-0.88) among patients with HbA1C >4.55%. Simulation of the CART model with 13 patients data failed therapy revealed that 8/11 (73%) of patients with HbA1C <2.95%, 111/114 (97%) with HbA 1C between 2.95% and 4.55% and 189/215 (88%) of patients with HbA1c >4.55% experienced microbiologic failure. Conclusion: Using fractal geometry relationships to drug pharmacokinetics, low weight has profound influence on failure of anti-tuberculosis treatment among patients at risk for diabetes mellitus.
Introduction
Tuberculosis (TB), like other infections, can worsen glycemic control and complicate the clinical management of Diabetes mellitus (DM) [1] [2] [3] . The dual burden of TB and DM (gestational, type I and type II) have increased over the past decade with DM prevalence increasing in countries already afflicted with a high burden of TB [3] . The coexistence of two conditions presents a serious threat to global public health and patient clinical care resulting into worse clinical outcomes across the entire spectrum of either disease [2, 4] . In one study, 7.5% (95% CI: 4.1%−11.5%) of TB incidence cases were attributable to hyperglycemia [5] . A south African cohort further demonstrated a correlation between active TB and the level of glycosylated hemoglobin (HbA1c) with a hazard ratio of 1.39 (95% CI: 1.18-.63) per unit increase [6, 7] . In addition to the well-established contribution of DM to increased TB susceptibility, findings from most observational studies indicate that this co-morbidity is associated with delays in TB clearance during treatment, treatment failures, death, relapse, disease severity and re-infection [2, 5] . Diabetic TB patients' management can play a critical role in understanding TB transmission dynamics [8] . The link between DM and TB and the implementation of the collaborative framework for care and control have thus widely been recommended as a means to potentially stimulate and strengthen the scale-up of noncommunicable disease care and prevention programs, which may help in reducing not only the global burden of DM but also the global burden of TB [8] [9] [10] .
In Kenya, the TB program recommends bidirectional screening, though there is dearth of data on performance of specific TB tests in individuals with DM, specific DM tests among TB patients, and screening and preventive therapy for latent TB infections in individuals with DM. Some of these can be attributed to the poor data management system in our health facilities. Studies indicate that TB patients with DM have a lower concentration of TB drugs and a higher risk of drug toxicity than those without diabetes [11] . In addition good glycaemic control, which reduces long-term DM complications and could also improve TB treatment outcomes, is hampered by chronic inflammation, drug-drug interactions, suboptimum adherence to drug treatments, and other factors [9, 11, 12] . Besides drug treatments for TB and DM, other interventions, such as education, intensive monitoring, and lifestyle interventions, might also be needed, especially for patients with newly diagnosed DM or those who need insulin. From a health systems point of view, delivery of optimum care and integration of services for tuberculosis and diabetes is a huge challenge in many countries more specifically resource limited setting.
DM screening among TB patients is now widely recommended, especially in setups with high DM prevalence [12] . A case example is India and the Pacific Islands region's TB control programs [13, 14] . Despite these efforts, the best time and methods to diagnose for DM diagnosis among TB patients remains unclear [15] [16] [17] . In one of the observational studies, it was found that glycemic status was influenced by radiological manifestations of diabetic pulmonary TB [15, 16] . DM pevalence rises steeply with age, but the most efficient age cut-off for screening is also unclear and varies among populations [18] . Blood glucose concentrations measurement at a single point in time might lead to a false diagnosis of DM in patients with TB because they could have intermittent hyperglycaemia through induction of insulin resistance, mediated by inflammation. TB [19, 20] . Repeat testing could identify transient Hyperglycaemia concentration assessment is thus the only diabetes test that shows average glycaemia over time and in a single study [21, 22] , as it is more sensitive than fasting blood glucose when used as a screening test for newly diagnosed diabetes in patients with tuberculosis [22] .
Though HbA 1c concentration assessment has been indicated as the most preferable test method for DM among TB infected patients, hyperglycemia levels predictive of poor clinical outcomes among patients with both DM and TB, for which clinicians must target for optimal care, is not well defined [18] [19] [20] . It has been shown that experimental hollow-fiber models of tuberculosis chemotherapy, and in TB patients, that pharmacokinetic variability directly leads to failure of TB therapy [23, 24] . Moreover, rifampin is known to exacerbate hyperglycemia in patients starting TB therapy, suggesting that therapy in patients at risk of TB can be optimized and personalized [23] . To better inform TB programs, we sought to examine and rank factors predictive of clinical outcomes in routine low-resourced clinical settings using CART analysis. We also determined thresholds for those predictors that could be used for clinical decision-making. The focus of this study was TB patients at risk for DM. Previously; the hypothesis has been used to explain poor long-term outcomes in supposedly 'adequately' treated tuberculosis patients: wherein systemic tuberculosis infection produces early organ damage that leads to death in the long-term [25, 26] . In this study we proposes the use of boosted classification and regression trees (CART) to determine baseline HbA 1c and random blood glucose (RBG) levels predictive of clinical outcomes in tuberculosis patients with/out diabetes mellitus. CART is an agnostic machine-learning algorithm more adept for data-driven pattern recognition, selecting predictors and their thresholds based on reproducible models.
Methods

Definition of terms
Clinical outcomes were defined using WHO and Kenyan tuberculosis program guidelines standard operational terms (http://nltp.co.ke/ guidelines/) 27,28. The primary analyses compared favorable versus unfavorable outcomes at end of treatment. The secondary analyses only compared "cures" versus "failures" at similar time points as is the standard practice when examining chemotherapy efficacy.
Study design
We carried out a prospective cohort in two peri-/urban counties of Kenya (Kiambu and Nairobi) between February 2014 and August 2015. We enrolled patients aged >15 years who were TB smear positive and were not pregnant (Pregnant women are high risk group of Gestatinal DM) at time of diagnosis. TB culture test was used to confirm all the positives. Ethical approval was obtained from the Kenyatta National Hospital Ethical Research Committee. We collected one venous blood draw at baseline in two separate tubes (one for fasting or random blood glucose levels and the other for HbA1c levels). Each patient then had physical examination and questionnaire administered by trained healthcare personnel where detailed history, including signs and symptoms of diabetes mellitus, cigarette smoking and other life-style information were ascertained. Patients were followed prospectively at two, three, five, six months and at end of therapy. During each visits we assessed adherence treatment and treatment outcome with sputum microscopy examination. The initial sputum examinations were submitted for culture and pathogen identification. Patients were examined at each visit for both TB and DM.
Care and treatment
New tuberculosis patients were put on a six-months category I regimen comprising of 2 months of isoniazid, rifampin, pyrazinamide and ethambutol followed by four months of isoniazid and rifampin.. Previously treated patients, including those who had failed prior therapy were put on category II regimen which is similar to category I only that, streptomycin is additionally administered for the first two months, while the other four drugs is prolonged by one month and isoniazid, rifampin and ethambutol are given for a further five more months. Dosing was as per Daily fixed dose combinations formulations as per NTLD and WHO guidelines were given using directly observed Treatment, short course (DOTs) [28] .
Glycosylated hemoglobin (HbA1c) measurements and laboratory quality assurance
HbA1c measurement was performed on Ethylenediamine-tetraacetic acid (EDTA) whole blood samples within 4-6 h of sample collection using cation exchange high performance liquid chromatography (HPLC). The assay values were standardized to the Diabetes Control and Complications Trial -Deflection Check: 0.5, Discreteness Check: 0.1 Abs, Sensitivity Check: 0.14, Blank Level Checks −0.1-−0.7. Laboratory procedures were performed as per manufacturer instructions. Commercial controls consisting of HbA1c Abnormal Low, Normal and Abnormal High and HbA1c calibrators were included during the assay procedure. HbA 1C and random blood glucose results were then issued to patients to receive appropriate further management after consulting with their physician.
Data analyses
Richardson-Mandelbrot log-log plots were used to examine fractal behavior [29, 30] . We modified the equation to ∼
dimensions, values between zero and one, one and two as well as two and three, were also examined. An estimate of the slope from the regression equation of the log-log plot was taken as the fractal dimension. We used one sample t-test and the nonparametric Kruskall-Wallis test to test to assess the representativeness of the sample in representing a population of patients with diabetes mellitus, or pre-diabetes mellitus using cut-off points of 6.5% and 5.7%, respectively [31, 32] . Stepwise multivariate logic regression analyses (validation of the CART Model findings and sensitivity analysis of the full model using the same variables used in CART for both development and validation samples with true classification using stepwise) was then performed and additional covariates added or removed based both on parsimony, Akaike information criteria (AIC), odds ratio, and 95% confidence interval (CI). Receiver operating characteristics (ROC) value was then reported in table format. Relative risk ration and the CI were also computed given the prospective nature of the study. Confidence intervals for proportions were computed using exact methods approximation.
Classification and regression tree analysis (CART)
Patients' age, gender, weight, body mass index, blood glucose, creatinine, blood urea nitrogen and HbA1c levels at baseline, as well as HIV result and ever cigarette smoker status were put in a boosted CART model for binary outcome:. None of the patients enrolled reported a previous diagnosis of DM, so that variable was not included in model. Boosted CART modeling was performed using Tree Net in Salford software version 8, based on methodological approaches [33, 34] . ROC curve then was used to compare models after 10-fold cross-validation.
Results
Of the 347 patients who agreed to participate in the study, 7 (2%) were excluded from further analyses because they grew Mycobacterium bovis on culture 285 (84%) attained microbiologic cure, 13 (4%) had microbiologic failure, while 23 (7%) completed treatment without attaining cure status. The remainder, 19 (5%) patients did not have clinical outcomes ascertained for the following reasons: 10 (53%) were lost to follow-up, while the remainder 9 (47%) transferred out of the two counties. There was no significance difference in demographic and clinical characteristics between patients whose outcomes were ascertained compared with those with an unknown outcome ( Table 1) with exception to weight, smoking and regimen I TB therapy. Patients whose outcomes were unknown were therefore combined with failures to make a composite outcome category of unfavorable outcomes in all primary analyses.
We then examined whether the relationship between clinical outcomes and weight could be explained by complex nonlinear phenomenon and fractal geometry, since both have been used to describe metabolic rate in physiology and pharmacology [35, 36] . First, we show in Fig. 1A that the distribution of HbA 1C was not normally distributed. Both its mean and median values of 5.76% and 5.28%, respectively, were significantly less than the threshold of 6.5% used to define DM, based on parametric and non-parametric sample tests, p < 0.001. However, the mean difference of 0.74% (95% CI: 0.50-0.98) was within the 5.7% cut-off used to define pre-DM. This implies that the study sample was derived from a population of patients at risk of DM, or pre-DM. Fig. 1 also shows that both the BMI and weight were very low for these patients given their mean age and height as indicated in . Where Wt is observed weight, Wt otyp is the typical weight and P otyp is probability of the typical weight. The typical weight for this sample was then determined as 53.25 kg. This suggests that complex nonlinear pharmacokinetics relationships and variability mediated by changes in patients' weight was driving outcomes. The relationship shown in Fig. 1B of HbA 1C suggests an asymptotic fractal with a dimension.
To further examine nonlinear relationship between weight and other covariates with clinical outcomes we ran up to 200 boosted classification and regression trees (b CART) in Tree Net software for each binary outcome. The predictors are ranked and scored in Table 2 for favorable versus unfavorable as well as favorable versus microbiologic failure outcomes. Finally, we subjected the output for the fractal geometry analysis and CART to compute risk factors
Discussion
There is no significance difference in demographic and clinical characteristics between patients whose outcomes were ascertained compared with those with an unknown outcome with exception to weight, smoking and regimen I TB therapy. There was no correlation between blood glucose and HbA 1C levels at baseline: Spearman's rho = 0.035, p = 0.515 while patients who weigh less had unfavorable clinical outcomes compared to their heavier counterpart at p = 0.011.Cumulative probability for favorable outcomes or microbiologic cure decreased with increase in HbA 1C : and, the nonlinear trends are even more apparent before the 6.5% HbA 1C thresholds are reached as indicated. In our population, distribution of HbA 1C was not normally distributed. Both its mean and median values of 5.76% and 5.28%, respectively, were significantly less than the threshold of 6.5% used to define DM, based on parametric and non-parametric sample tests, p < 0.001. However, the mean difference of 0.74% (95% CI: 0.50-0.98) was within the 5.7% cut-off used to define pre-DM. This implies that the study sample was derived from a population of patients at risk of DM, or pre-DM. The low weight witnessed in our population was due to under nutrition from tuberculosis disease. The BMI of the study participants ranged between 10.36 kg/m 2 and 49 kg/m 2 and was significantly correlated with weight, r = 0.71. Relationship between weight and predicted clinical outcomes was best described by ¾ fractal geometry law with R 2 = 0.905, indicative of a fractal with 0.75 dimension. The typical weight for this sample was then determined as 53.25 kg. This suggests that complex nonlinear pharmacokinetics relationships and variability mediated by changes in patients' weight was driving outcomes [24] . 121/136 (89%) who had their weight < 53. The ROC score for each train sample was >0.95 and misclassification rates <0.02 indicating that the model described the data well. On the other hand, ROC scores on test samples after cross validation was >0.65 for each of the model examined which is reassuring in prediction on future similar sample. Simulation on how to interpret the classification tree indicated that ten (77%) out of 13 patients who experienced microbiologic failure had HbA 1C > 4.55% while 8 (62%) of these had weight <53.25 kg. The three HbA 1C cut-off levels depicting U-shaped pattern that interacted with both weight and BMI were identified by CART. When the model was applied to the entire cohort it revealed that 8/11 (73%) of patients with HbA 1C < 2.95%, 111/114 (97%) with HbA 1C between 2.95% and 4.55% and 189/215 (88%) of patients with HbA 1c > 4.55% experienced microbiologic failure. HbA 1c thresholds were also statistically significant for outcomes observed at end of treatment based and the other known risk factors for either tuberculosis or diabetes mellitus were not associated with these J.W. Mburu et al. (9) 5 (26) 27 (8) There is no significance difference in demographic and clinical characteristics between patients whose outcomes were ascertained compared with those with an unknown outcome with exception to weight, smoking and regimen I TB therapy. There was no correlation between blood glucose and HbA 1C levels at baseline: Spearman's rho = 0.035, p = 0.515. None of the enrolled patients reported a history or received prior treatment for DM. Weight had a borderline significance for transfers (Fig. 1 G) . In general patients who weigh less had unfavorable clinical outcomes compared to their heavier counterpart at p = 0.011 (Fig. 1H) . Cumulative probability for favorable outcomes or microbiologic cure decreased with increase in HbA 1C : and, the nonlinear trends are even more apparent before the 6.5% HbA 1C thresholds are reached as indicated in Fig. 1C (as indicated by the arrows in) .
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thresholds.
Our findings demonstrated the complex and nonlinear effects of weight on clinical outcomes. The effect of weight is probably mediated via pharmacokinetic variability of the different anti-tuberculosis drugs and impact of inadequate dosing [37] . In this study we show that when change in weight is adjusted for, the odds for favorable outcome increasingly gets worse with each unit increase in HbA1C above 4.95%. The odds ratio was 0.18 (0.05-0.61) and remained robust even when the outcomes were restricted to treatment failure. Indeed this is similar to currently used criteria to distinguish individuals at higher risk for premature mortality from micro-vascular (retinopathy) or macro vascular (heart attacks) complications based on mostly on observational studies which have established association between those diabetes-related complications and glycosylated hemoglobin (HbA1c) with/out general poor glycemic control [38] [39] [40] [41] .
Higher HBA 1C thresholds were predictive of unfavorable outcomes in treated tuberculosis patients. Several studies including meta-analyses have shown that patients with diabetes mellitus and tuberculosis have worse outcomes for either disease, but there are no international guidelines on joint management and control of both diseases [19, 20, 22, 39] . One recent Mexican study revealed that, among diabetes mellitus patients who received standard tuberculosis treatment, 81% of recurrences and 77% of relapses, were infections caused by the same Mycobacterium tuberculosis isolate based on IS6110-band restriction fragment length polymorphism and spoligotyping fingerprint analyses [42, 43] . The proportion with treatment failure in our study was 4.0 (95% CI, 2.2-6.8), similar to those seen in the larger Mexican study [44, 45] . Indeed, the proportion with tuberculosis recurrence will be significantly larger if the lower threshold is used. Attempt to show the key role of machine-learning algorithms in answering non-specific but pertinent decision-making questions commonly asked in the clinic indicated how output from CART can be the used to generate risk ratios and adjusted odds ratio from multivariate logistic regression for comparison with existing literature. Some machines prediction methods are not universally consistent [46, 47] . A case example is random forest (RF) that is not consistent if splits are performed to purity [48, 49] . Therefore, some impurity within the machine generated tree is required for consistency. Comparatively, the performance of CART during simulation returned consistency well above most machine-learning approaches for classification and probability estimation.
Our study has some notable limitations and strengths. First, HbA 1C The ROC score for each train sample was >0.95 and misclassification rates <0.02 indicating that the model described the data well. On the other hand, ROC scores on test samples after cross validation was >0.65 for each of the model examined which is reassuring in prediction on future similar sample. We depict the pruned back optimal tree for the favorable versus microbiologic failure outcome that examined 321 patients in Fig. 3 . Table 3 above confirms that these HbA 1c thresholds were also statistically significant for outcomes observed at end of treatment based. The other known risk factors for either tuberculosis or diabetes mellitus were not associated with these thresholds. [10] [11] [12] [13] [14] [15] [16] and blood glucose measurement were only taken at baseline, and thus do not fully reflect glucose control across the 6-8 months of tuberculosis therapy. Relatedly, the contribution of other key events, which might have occurred, during the course of therapy, including decisions to add DM treatment was not assessed. However, since we only included patients with no prior history of DM, we were able to assess impact of impaired glucose tolerance and standard tuberculosis treatment on patients at risk for DM in a routine program setting. Thus, our findings contain practical lessons informative to both clinicians and programs in similar settings. We concluded that fractal geometry relationships to drug pharmacokinetics, low weight has profound influence on failure of anti-tuberculosis treatment among patients at risk for diabetes mellitus and the three HbA 1C cut-off levels,depicting U-shaped pattern that interacted with both weight and BMI, predictive of unfavorable outcomes among TB-DM co-affected patients can be identified by CART
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